The distribution of fitness effects (DFE) is central to many questions in evolutionary biology.
Introduction species. Zhen et al. (2018) use divergence to detect beneficial mutations that reached fixation many generations ago, many of those were strongly beneficial mutations that contribute disproportionately more to divergence than polymorphism. Here we focus instead on new weakly beneficial (still segregating) mutations. The power of our approach to infer with precision the tail of the beneficial DFE is reduced.
However, relying solely on polymorphisms means that our estimates are more robust to ancient fluctuations in the effective population size that impacted the probability of fixation of slightly selected mutations in the ancestral populations (Rousselle et al. 2018) .
Whether the full DFE varies on shorter timescales remains an open question. It also remains to be considered the contribution of new weakly beneficial mutations to the SFS and by extension the estimates of the deleterious DFE. Tataru et al. (2017) have shown that beneficial mutations can indeed contribute to the SFS and affect the estimates of the deleterious DFE. In fact, Huber et al. (2017) reported more weakly beneficial mutations in humans than in Drosophila indicating that weakly beneficial mutations are relevant in humans and probably are also important in other nonhuman great apes. A recent study has found that ~¾ of adaptive substitutions in the human lineage were driven by weakly beneficial amino acid mutations . In this work, we compare the DFE in a panel of closely related species the nine great ape populations studied by PradoMartinez et al. (2013) . Great apes share most of their genes and genomic configuration. Gene density, mutation rate and recombination rate (at least at broad scale) are very similar in these species (Stevison et al. 2016; Smith et al. 2018; Kronenberg et al. 2018; Besenbacher et al. 2019) . Thus, our inference of the DFE is affected only marginally by variation in these factors. Interestingly, there is substantial variation in the effective population size (N e ) and remarkable differences in the population histories of great apes (Mailund et al. 2011; Scally et al. 2012; Prado Martinez et al. 2013; McManus et al. 2015; Bataillon et al. 2015; de Manuel et al. 2016 ). This variation in N e allows us to test predictions of the Nearly Neutral Theory (Ohta 1992) . By polarizing mutations and using the unfolded SFS (uSFS), we are able to infer the DFE of new weakly beneficial mutations without relying on divergence and make a cleaner inference of the current deleterious DFE. This allows us to 4 DFE in the great apes: Castellano et al. investigate if N e also has an impact on the beneficial DFE. For instance, it is commonly assumed that the rate and effect size of beneficial and deleterious mutations are shared between closely related species, but these quantities might change if the fitness of the population changes (Silander et al. 2007) . Recent works have shown that GCbiased gene conversion (gBGC) can bias the inference of the DFE and population history (Pouyet et al. 2018; Bolívar et al. 2018 ). Here we also assess the impact of gBGC by replicating our analyses using only GCconservative mutations (A<>T and C<>G) which are unaffected by gBGC.
Finally, we use the method of Tataru and Bataillon (2019) (polyDFEv2.0) to test for invariance of DFEs across species. Under this new method any fitted parameter can be shared across species or fitted independently for each species. In this work, we compare the fit of several models to investigate which aspects of the full DFE are shared and which aspects differ between great apes. 
Materials and Methods
Data Sets SNP calls from the autosomes are retrieved from PradoMartinez et al. (2013) for nine great ape populations: Homo sapiens (this sample includes 3 African and 6 NonAfrican individuals), Pan paniscus, Pan troglodytes ellioti, Pan troglodytes schweinfurthi, Pan troglodytes troglodytes, Pan troglodytes verus, Gorilla gorilla gorilla, Pongo abellii and Pongo pygmaeus. Hereafter we will refer to these species as humans, bonobos, NigeriaCameroon chimpanzees, eastern chimpanzees, central chimpanzees, western chimpanzees, western lowland gorillas, Sumatran orangutans and Bornean orangutans, respectively. To allow a fair comparison between species (note that only 4 individuals of western chimpanzees and central chimpanzees were sequenced) we downsample all great apes to 8 randomly chosen haploid chromosomes, while positions called in less than 8 chromosomes are discarded.
Supplementary Table 1 shows the final list of analyzed genes per species. In PradoMartinez et al. (2013) all reads are mapped to the human reference genome (hg18). We lift over the original VCF to hg19/GRCh37.75 coordinates to take advantage of more recent functional annotations. To avoid errors introduced by missmapping due to paralogous variants and repetitive sequences, we also restrict all analyses to a set of sites with a unique mapping to the human genome as in Cagan et al. (2016) .
Additionally, we require positions to have at least 5fold coverage in all individuals per species. Only the remaining set of sites are used in further analyses. Genomes are annotated using the SnpEff and SnpSift software (Cingolani et al. 2012 ) (version 4.3m, last accessed June 2017) and the human database GRCh37.75. We extract 0fold nonsynonymous and 4fold synonymous sites from the codon information for the canonical transcript provided by SnpEff (2fold and 3fold degenerate sites are discarded). We assume that the degeneracy and gene annotations are constant across species. 
Polarization of Mutations
To estimate the full DFE using DNA diversity data we need first to polarize SNPs to call derived variants (Boyko et al. 2008; Schneider et al. 2011; Tataru et al. 2017) . We use two outgroup species (Nomascus leucogenys or gibbons, and Macaca mulatta or macaques) and a probabilistic method to polarize SNPs using Kimura 2parameter (K2) model (Keightley and Jackson 2018) . We downloaded a multiple species alignment from the UCSC server between all known coding sequences in the human reference genome (GRCh37.75/hg19), gibbon (Nleu3.0/nomLeu3) and macaque (BGI CR_1.0/rheMac3) (from:http://hgdownload.cse.ucsc.edu/goldenPath/hg19/multiz100way/alignments/knownGene.exonNuc.f a.gz). Sites are retained for analysis if there is no missing data in the focal species or either outgroup species. We also removed CpG sites, as CpG hypermutability may result in polarization errors (Keightley and Jackson 2018) . CpG sites are defined as sites that are CpG in their context in either the focal species or any of the outgroup (including both REF and ALT alleles). In doing so, we remove 4% of all 0fold nonsynonymous and 5% of all 4fold synonymous sites that passed our previous quality filters. We compare the uSFS from the K2 model and a more complex model allowing six symmetrical rates between all potential nucleotide changes (R6 model) obtaining indistinguishable uSFS for synonymous and non synonymous mutations (data not shown). Supplementary Table 1 shows the uSFS for synonymous and nonsynonymous mutations in all great apes. All our results can be recapitulated from that table.
Estimation of the DFE and bootstrapping
We use the polyDFEv2.0 framework (Tataru and Bataillon 2019) to estimate and compare the DFE across species by means of likelihood ratio tests (LRT). The inference is performed on the uSFS data only (divergence counts to an outgroup are not fitted) and uSFS data is fitted using a DFE model comprising both deleterious (gamma distributed) and beneficial (exponentially distributed) mutations. polyDFE assumes that new mutations in a genomic region arise as a Poisson process with an intensity that is proportional to the length of the region and the mutation rate per nucleotide (μ). We assume that μ remained constant across great apes (Besenbacher et al. 2019) . Both an ancestral SNP misidentification 7 DFE in the great apes: Castellano et al. error ( ) ε and distortion parameters (r i ) can be estimated. See Table 1 and 2 for the list of parameters estimated in each model. To ensure that the likelihood function is reliably maximized we perform 10 runs of maximization with randomly starting values.
The estimation of the DFE entails substantial statistical uncertainty. To obtain the sampling variance of parameter estimates and approximate confidence intervals we use a bootstrap approach.
Bootstraps are generated by resampling the data at the site level by parametric bootstrapping. We assume that all counts in the uSFS are independent variables following a Poisson distribution, with means specified by the observed uSFS data. This is in line with the modeling assumption that the number of mutations in each uSFS entry follows a Poisson process (Tataru et al. 2017) . We use the R function Statistical Test for Differences in DFEs Across Species polyDFE returns maximum likelihood (ML) estimates and therefore, LRTs and the Akaike information criteria (AIC) can be used to compare models (Tataru and Bataillon 2019) . The LRT entails fitting two nested models, where one reduced model is a special case of a more general model. A Pvalue is obtained by assuming that the log of the ratio of the maximum likelihoods of the two models follows a X 2 distribution parameterized by the difference in the number of degrees of freedom (i.e. number of estimated parameters) between the two models. A Pvalue below 5% means that the reduced model is rejected in favor of the more parameterrich model. LRTs are performed comparing the pairs of models indicated in the main text (see Table 1 and 2 for the lists of models). This approach of comparing the DFE parameters between species through LRTs has been applied before Zhen et al. 2018) .
Simulations demonstrate that the method guards against excessive type I error while retaining substantial power to detect differences across data sets when the r i parameters are estimated independently for each data set (Tataru and Bataillon 2019) . We use the R function compareModels() (from: 
Subsampling
To assess the contribution of the variation in s d and N e to the realized strength of purifying selection (S d ) across great apes, we run a multiple linear regression. We first obtained statistically independent measures of S d and s d . Note that s d = S d / 2N e . To do so, we divided the coding genome into two halves drawing random sites without replacement. We use the first half to estimate S d,1 and the second half to estimate s d,2 . To estimate s d,2 we divided S d,2 by 2N e,1 , where N e,1 is estimated by dividing θ (Watterson 1975), estimated using 4fold synonymous sites coming from the first half of the genome, by the genomewide mutation rate per site and generation (μ = 1.65 x 10 8 ). To obtain an independent estimate of N e we used 4fold synonymous sites of the second half of the genome. We repeated this subsampling 100 times. We then run a multiple linear regression in a loglog scale with the R function lm(log(S d,1 ) ~ log(s d,2 ) + log(N e,2 )). As a sanity check we run the complementary analysis lm(log(S d,2 ) l og(s d,1 ) + log(N e,1 )) obtaining equivalent results (data not shown). The relative importance of s d and N e is assessed using standardized regression coefficients (β).
Other Statistical Analyses
All statistical analyses commented above have been performed within the R framework (version 3.4.4) except the DFE estimation and the phylogenetically aware regression. To perform the phylogenetically aware regression between N e and various summary statistics of the full DFE we use BayesTraitsV3 (Pagel and Meade 2006) . We set the method to employ randomwalk and maximum likelihood. Significance is assessed by comparing a model where the correlation is a fitted parameter to a model where the correlation is fixed to 0, by means of a likelihood ratio statistic. To perform the bivariate correlations, we use the function cor.test() and the Pearson method. To perform the quadratic regression between N e and S d (or s d ) we use the R function lm(y~ poly(x, degree = 2)). We then compare the linear 
Results
We compiled polymorphism data from nine great ape populations: bonobos, western chimpanzees, central chimpanzees, NigeriaCameroon chimpanzees, eastern chimpanzees, western lowland gorillas, Sumatran orangutans, Bornean orangutans and humans. A cosmopolitan sample of humans (3 African and 6 nonAfrican diploid individuals) was used to represent human genetic diversity. All our population data is retrieved from PradoMartinez et al. (2013) . To allow a fair comparison each population is subsampled to 8 haploid chromosomes. We investigate more than 9,000 autosomal coding genes that are orthologous onetoone across great apes, gibbons, and macaques (the two outgroups we use to calculate the unfolded site frequency spectrum, uSFS). See Supplementary Table 1 for the whole list of analyzed genes and the uSFS. The proportion of shared SNPs between species is below 1% but it raises to 1030% between pairs of chimpanzee populations and between the orangutan species, respectively (Supplementary Table 2 ).
This imperfection of the data makes the chimpanzee populations and orangutan populations statistically nonindependent.
The inference of the DFE from the uSFS can be affected by polarization errors (Hernandez et al. 2007 ), GCbiased gene conversion (Bolívar et al. 2018 neutral and selected uSFS are distorted in an identical way by these factors. Weakly beneficial mutations can also distort the uSFS and by extension our estimates of the deleterious DFE (Tataru et al. 2017) . We, therefore, also coestimate the rate and strength of new beneficial mutations together with the r i , ε anc and the two parameters defining the deleterious DFE: the shape, b, and mean, S d . Here we assume, like several studies in humans before, that the deleterious DFE is gamma distributed (Boyko et al. 2008; EyreWalker and Keightley 2009; Galtier 2016; Huber et al. 2017; Kim et al. 2017) . We investigate two beneficial DFEs: an exponential and a more general discrete distribution. Given the very similar results obtained with these two beneficial DFEs in the main text we will only show the results obtained with the exponential distribution. The results obtained assuming a discrete distribution are reported in the Supplementary Table 4 .
Model choice
Before comparing the DFE between species we used a variety of models to fit our data at the species level. Differences among models include the joint estimation of DFE parameters and extra nuisance parameters that can correct for departures from a constant population size WrightFisher model, the proportion of beneficial mutations, and potential polarization errors. We find that the uSFS of all great apes show significant departures from the constant population size WrightFisher model (r i ≠ 1 as judged by a likelihoodratio test, LRT) ( Supplementary Table 3 , column M0 vs M1). These nuisance parameters capture all evolutionary processes that equally affect synonymous and nonsynonymous mutations, such as demography, population structure, sampling bias, and linked selection. The performance of these nuisance parameters under demographic histories relevant for great apes is investigated using simulations presented in the Supplementary Material. In general, the inference quality is very high with simulated data, particularly when some aspects of the DFE are jointly estimated across species (see below).
We find that the models including ε anc (M2 and M4) do not fit the data significantly better than the models assuming ε anc = 0 (M1 and M3) ( Supplementary Table 3 , column M1 vs M2 and M3 vs M4), except in eastern chimpanzees. This indicates that our polarization strategy is effective or that a substantial fraction of polarization errors is accounted for by the r i parameters (as argued before by Galtier [2016] ). We do not find strong evidence for beneficial amino acid mutations segregating in our samples ( Supplementary Table 3 , column M1 vs M3 and M2 vs M4). Consistent with these findings, the most flexible model (M2) is never the preferred model, as judged by our LRTs ( Supplementary Table 3 ).
M3 is instead the preferred model across all species. This model assumes only deleterious mutations and no polarization errors but includes the distortion parameters (r i ). The modest contribution of beneficial mutations is corroborated by the goodnessoffit analyses ( Figure 1) . The results comparing the exponential and discrete beneficial DFE can be consulted in Supplementary Table 4 . Both distributions fit the data equally well. Larger samples sizes will be needed to assess which beneficial distribution is more realistic. Hereafter, we will refer to M3 as the purely deleterious model and M2 as the flexible model. LRT Pvalue = 0.97) ( Supplementary Table 5 ). Moreover, we find that the model where the shape of the deleterious DFE is shared across species but the beneficial DFE is estimated independently for each species (M2S) does not fit the data significantly better than the equivalent model without beneficial mutations (M3S) (M3S vs M2S: LRT Pvalue = 0.99). Table 2 for a description of the models.
4
Population genetics theory predicts that natural selection will be weaker in small populations due to random genetic drift (Ohta 1992 ). If we assume that the shape of the deleterious DFE is constant across great apes, we find a strong positive correlation (Pearson's correlation coefficient r = 0.91 [0.88, 0.93]) (Figure 3 A) between the population scaled mean effect size of deleterious mutations (|S d | = |2N e s d |) and
our estimate of the effective population size (N e = θ S / (4μ), where θ S is synonymous diversity and μ the mutation rate per site and generation, μ = 1.65 x 10 8 ) (Ségurel et al. 2014) . This correlation remains significant after accounting for species phylogenetic dependence (BayesTrait V3 Pvalue < 0.01).
Forward simulations confirm that S d and N e are significantly correlated as expected by the Nearly Neutral Theory (Supplementary Analyses). We also find that the mean selection coefficient of deleterious One can argue that our sample sizes are too small to estimate with precision S d and that the findings commented above are merely driven by noise or by some particular demography biasing the estimates of the DFE parameters inferred using polyDFE. However, estimates of the proportion of mutations in a given S d range from the DFE are often less noisy than mean S d estimates EyreWalker and Keightley 2009 ). We demonstrate with our simulations that when the shape parameter is coestimated across species, not only these proportions can be reliably estimated 2 4 6 8 10 using a small sample size, but also S d (Supplementary Analyses). We find that the fraction of strongly deleterious mutations (S d ≤ 10) is positively correlated to N e (Figure 3 C, Table 4 ). There is a negative correlation between the fraction of effectively neutral mutations (1 < S d ≤ 0) and N e (Figure 3 E, Table 4) as predicted by the Nearly Neutral Theory (Ohta 1992) . Interestingly, there is a negative, but very shallow, correlation between the fraction of weakly deleterious mutations (10 < S d ≤ 1) and N e (Figure 3 D, Table 4 ). This is consistent with a recent work that found that the impact of linked selection (mainly background selection) on genetic diversity is very similar along the genomes of great apes (Castellano et al. 2018b ). Table 5 E). This result strongly supports the fact that there is systematic variation in the strength of purifying selection across the great apes.
Model
The selective effect, S b , of new beneficial mutations might also depend on N e . For instance, some authors have reported that species with a larger N e tend to have higher rates of beneficial substitutions (Strasburg et al. 2011; Gossmann et al. 2012) . This is because large populations will have to wait less time for the appearance of new beneficial mutations. Once the beneficial mutation has appeared, natural selection will be more effective in populations with large N e . In contrast, other studies have reported that proxies for N e and the rate of beneficial substitutions are poorly correlated (Galtier 2016) . This is expected if small N e populations have higher rates of new beneficial mutations, p b , because they are further away from their fitness optimum due to the fixation of slightly deleterious mutations and/or the higher genetic load (segregation of deleterious mutations) (Hartl and Taubes 1996; Poon and Otto 2000) .
To test whether our data support any of those opposing views we use a model averaging approach to estimate the effect and proportion of new beneficial mutations (Tataru and Bataillon 2019) . This allows us to factor in the fact that, as measured via LRT, there is only very weak (statistically nonsignificant) evidence for the presence of beneficial mutations in the polymorphism data. We consider a set of four competing models (M3I, M3S, M2I and M2S) and weight them by their AIC. Supplementary Figure 1 A shows the weight of each model per species. This approach has been applied before in the context of detection of adaptive molecular evolution (Kjeldsen et al. 2012; Rousselle et al. 2019) . We find a non significant negative correlation between the modelaveraged rate of new beneficial mutations, p b , and N e (Table 4 , Supplementary Figure 2 A) . There is no correlation between the modelaveraged S b and N e (Table 4 , Supplementary Figure 2 B) 23 DFE in the great apes: Castellano et al. uncorrelated to N e (Table 4 , Supplementary Figure 2 C) . Modelaveraged estimates of the proportion of beneficial mutations, p b , suggest that beneficial mutations remain very rare ( Supplementary Figure 3) and S b estimates are always small (S b << 1) and similar across great apes ( Supplementary Figure 4) .
Nevertheless, it is also worth mentioning that one of the two smallest populations of great apes, bonobos,
show a substantial proportion (12%) of new beneficial mutations (Table 5 ; Supplementary Figure 3 and   8 ). Larger sample sizes will be required to quantify this interesting class of effectively neutral beneficial mutations precisely. 
Accounting for gBGC
GCbiased gene conversion (gBGC) can distort the uSFS of synonymous and nonsynonymous mutations differently due to differences in their GCcontent (Bolívar et al. 2018 ). Furthermore, larger populations are expected to be more affected by gBGC due to higher effective rates of recombination and gene conversion. Thus, the degree of bias will also scale with N e . To check that our findings are not merely driven by differences in the intensity of gBGC, we repeated our analysis using GCconservative mutations (A<>T and C<>G), which are unaffected by gBGC. Supplementary Table 6 shows the estimated parameters of the DFE for GCconservative mutations for each species and model. We also find that the model where a single shape b is shared across species is preferred over the model with a separate shape parameter for each species (shared b = 0.1694 [0.1123, 0.2176]) (M3S vs M3I: LRT Pvalue = 0.63) (Supplementary Figure 5 ). This is also true when beneficial mutations are included (shared b = 0.2789 [0.2014, 0.9997]) (M2S vs M2I: LRT Pvalue = 0.70). We also find evidence of systematic variation in the strength of negative selection for GCconservative mutations across species. A model where the shape is shared but the mean S d is estimated independently is preferred over a model where both the shape and the mean S d are shared (M3S vs M3SS: LRT Pvalue = 4.4e 6 ).
We confirm that s d covaries with N e (Table 4 ) and that the strength of purifying selection in bonobos and western chimpanzees is higher than expected given their N e (Supplementary Figure 6 ). The correlation between N e and the summary statistics of the DFE also persist when considering only non synonymous GCconservative mutations (Table 4 ; Supplementary Figure 67 ; Supplementary Table 7 ).
The goodnessoffit analysis for GCconservative mutations is presented in Supplementary Figure 9 . 
Discussion
In this work, we have inferred and compared the full distribution of fitness effects (DFE) of new heterozygous mutations between humans and their closest living relatives. To estimate the DFE we used only allele frequency distributions for 4fold synonymous and 0fold nonsynonymous changes. We found that the shape of the deleterious DFE is remarkably constant across great apes, b = 0.16 (0.13, 0.17). This result is robust to gBGC, polarization errors and proportions and effect of new beneficial mutations. Our estimate of the shape parameter in humans is consistent with older reports (b = 0.180.20) (EyreWalker et al. 2006; Keightley and EyreWalker 2007; Boyko et al. 2008 ) and recent estimates where thousands of human chromosomes are reanalyzed under a complex human demography (b = 0.17 0.21) . While our analysis did not infer specific demographic parameters, coestimating nuisance parameters for the different uSFS classes does capture the effects of demography and allows us to recover the underlying DFE. We confirmed the robustness of our approach by running forward simulations with demographic histories relevant for great apes (Supplementary Analyses).
If we assume that within the great apes, not only recombination rate, mutation rate, gene density or gene expression levels are conserved but also protein function and regulatory and metabolic networks are equivalent, then it may be possible to explain the differences in the DFE between species by differences in their effective population size. Hence, here we ask: Does N e affect the DFE all else being equal? We found evidence for systematic variation in the strength of negative selection (S d = 2N e s d ) across great apes. The correlation between our estimate of the species effective population size (N e ), based on the current levels of diversity at 4fold synonymous sites (θ S ), and the estimated strength of negative selection (S d ) is very strong for all mutations and GCconservative mutations (explaining ~80% and ~60% of the variance in the strength of purifying selection, respectively). This result is consistent with the Nearly Neutral Theory (Ohta 1992) spanning great apes). However, we also found evidence that suggests that s d has not remained constant across great apes. We expect that S d scales proportionally with N e . Surprisingly, we found more pronounced differences in S d than expected given our estimates of the effective population size based on current levels of synonymous diversity. In other words, we find that the mean absolute effect size of deleterious mutations (s d ) is also correlated to N e . Using data simulated with a constant s d , we show that our estimation procedure does not drive the covariation between N e and s d estimates. Interestingly, this result is consistent with positive epistasis. Under positive epistasis s d will increase as fitness (and probably N e ) decreases (Silander et al. 2007) . This is because new deleterious mutations will be less detrimental in a genetic background that already contains deleterious variants than in a genetic background free of deleterious mutations. Population genetics theory predicts that in small populations drift can overwhelm selection. Slightly deleterious mutations may thus reach higher frequencies and even reach fixation causing fitness to decline (Kimura et al. 1963; Bataillon and Kirkpatrick 2000) . This means that new deleterious mutations will have a higher chance of interacting with other preexisting deleterious variants in a small population than in a large population. The prevalence of epistasis is thus expected to increase when N e decreases and this is reflected in our estimates of the DFE. We propose that the variation in the strength of purifying selection across great apes is doubly affected by N e . First, for a given selection coefficient, N e determines the efficiency of purifying selection (Ohta 1992) and second, N e determines the amount of potential epistatic interactions occurring in a given individual which in turn will affect the magnitude of the effect of new deleterious mutations (Poon and Otto 2000) . This is an exciting result that deserves further theoretical exploration and empirical validation.
Moreover, for additive mutations, the effect of deleterious mutations should decrease with decreasing N e . Surprisingly, we find that in bonobos and western chimpanzees, the two smallest great ape populations, the mean effect size of deleterious mutations increases. We do not see this overestimation of S d in our forward simulations of the bonobo and western chimpanzee demographic histories. Note that in our simulations all mutations are codominant. We hypothesize that the efficient purging of strongly deleterious recessive variants in bonobos and western chimpanzees might explain this result (Barrett and Charlesworth 1991; Glémin 2003) . Bonobos and eastern lowland gorillas (not analyzed in this study)
show an excess of inbreeding compared to the other great apes, suggesting small population sizes or a fragmented population (PradoMartinez et al. 2013) . Similarly, the western chimpanzees are thought to have spread from a very small ancestral population (PradoMartinez et al. 2013; de Manuel et al. 2016) and show, as expected by theory, a higher proportion of putatively deleterious variants compared to central chimpanzees (Han et al. 2019) . Recent work in Ibex suggests that bottlenecks can indeed favor the purging of strongly deleterious recessive mutations while allowing the accumulation of weakly deleterious additive mutations (Grossen et al. 2019) . Note, however, that our estimates assume that all mutations segregating and affecting fitness are codominant (h = 0.5). Whether the estimation of DFE parameters is robust to variation in the joint effects of the dominance of mutations, inbreeding and
demography remain an open question.
Regarding the beneficial portion of the DFE, we do not find any statistically significant contribution of beneficial mutations to the uSFS counts. Thus, we are unable to support either an increase in the strength of positive selection (S b ) with N e (Nam et al. 2017) , or an increase in the expected rate of beneficial substitutions (p b x S b ) with N e (EyreWalker 2006) . Note, however, that in this work we do not use substitution data, only polymorphisms. Rare and strongly beneficial mutations will fix quickly and contribute relatively more to divergence counts than to uSFS counts .
Hence, our results are still compatible with the view that a sizeable amount of divergence at the amino acid level is driven by relatively rare but strongly beneficial mutations in the great apes (Nam et al. 2017).
Our choice was to avoid using divergence data to estimate the full DFE. The reason for doing so is that fixed mutations may introduce biases in the estimation of the full DFE if ancient fluctuations in the effective population size are not properly modelled (Tataru et al. 2017; Rousselle et al. 2018; Zhen et al. 2018) . A second explanation to the apparent lack of beneficial mutations is our modest sample size (n = 8 haploid chromosomes per population). Thus, although most adaptive substitutions seem to be weakly Using a model averaging framework where the different competing models are weighted by their AIC, we find that between 12% of new mutations are mildly beneficial in bonobos. However, the estimated population scaled effect size of beneficial mutations is below one in all great apes. Small populations tend to be further away from their fitness optimum due to a higher genetic load and/or fixation of slightly deleterious mutations. As a consequence, a new mutation has a higher probability of being beneficial in a small than in a large population (Hartl and Taubes 1996; Poon and Otto 2000; Silander et al. 2007 ). The interactions within and among genes will allow new mutations to compensate/restore for the fitness effects of other, fixed or polymorphic, slightly deleterious mutations.
Hence, there is no need for very unlikely backmutations to restore the fitness losses incurred by previous mutations (Charlesworth and EyreWalker 2007 ). An interesting implication of such mode of evolution is that rates of adaptive substitutions may not be driven only by external conditions (such as viruses, see Enard et al. 2016; Castellano et al. 2019; Uricchio et al. 2019) but also by the amount of deleterious mutations already present in the genome as this mutation load conditions the current level of adaptation in a population. This mechanism is not often invoked to explain Darwinian adaptation (due to environmental changes), yet a small pool of compensatory mutations will contribute to the amino acid differences between species in the longterm (Hartl and Taubes 1996) . The induced epistasis imply that mutations are only conditionally beneficial or deleterious and that the DFE and N e might not be independent as commonly assumed.
Finally, we discuss some limitations of our study. We have assumed the same mutation rate in all populations to estimate N e based on current levels of synonymous diversity, θ S . Synonymous diversity has been used repeatedly in several related studies as a proxy for N e (Gossmann et al. 2010 ; Strasburg et al. 29 DFE in the great apes: Castellano et al. 2011; PhiferRixey et al. 2012; Galtier 2016) . This might be a problem because θ S is jointly influenced by variation in N e and also by the mutation rate. In this work we have assumed the same mutation rate per site and generation across all great apes. However, there is evidence that both the generation time and the mutation rate per year vary across great apes (Amster and Sella 2016; Jónsson et al. 2017; Thomas et al. 2018; Besenbacher et al. 2019) . We checked how more realistic estimates of mutation rate per generation could explain our results. With data retrieved from Besenbacher et al. (2019) we find that the mutation rate per generation is ~23% higher in chimpanzees, bonobos and orangutans than in humans. Gorillas and humans have a very similar mutation rate per generation despite having the shortest and longest generation times across great apes, respectively. We show that our results, including the correlation between s d and N e , remain robust to the variation in the mutation rate per generation across great apes ( Supplementary Figure 10 ; Supplementary Table 8 ). We emphasize that estimates of mutation rate per generation are prone to much uncertainty due to our limited knowledge about generation times in nature.
Second, synonymous diversity is a poor proxy for N e if there is widespread selection on codon usage or other kinds of selection on synonymous changes due to, for example, the regulation of splicing or gene expression. However, this is unlikely to affect some great apes more than others or to affect more synonymous than nonsynonymous changes. Selection on codon usage is a weak force and great apes are in general not highly populous species. The robustness of our results to gBGC, which is typically correlated to GCcontent and codon usage bias, does not suggest that this is a major issue with this analysis. Furthermore, the fact that all our results have been replicated using GCconservative mutations indicates that gBGC is not likely affecting our conclusions. Third, we cannot explain why we do not observe signals of mildly beneficial mutations in western chimpanzees, a population with a level of genetic diversity equivalent to that found in bonobos. Other factors beyond the genomewide amount of DNA diversity, such as the rate of change of the environment (Lourenço et al. 2013) , inbreeding or population structure, might be triggering the emergence of those weakly beneficial mutations specifically 
Conclusions
We have made the first comparison of the full distribution of fitness effects of new amino acid mutations across great apes. By comparing the fit of a series of nested models to polymorphism data we have identified which aspects of the DFE are shared between humans and their closest living relatives.
Our analysis shows that the shape of the deleterious DFE is shared across these species. Consistent with the Nearly Neutral Theory we have found that the average population scaled effect size of new deleterious mutations (S d ) is strongly correlated to our estimate of N e . Interestingly, there is also co variation between the average effect size of new deleterious mutations (s d ) and N e suggesting a role for positive epistasis. We also find that the two smallest great ape populations, western chimpanzees and bonobos, show a comparatively larger strength of purifying selection, which is compatible with the efficient purging of deleterious recessive variants in small populations. The LRT does not favor a richer DFE model including beneficial mutations over models considering only deleterious mutations. However, when we use a model averaging approach, we estimate a small proportion of mildly beneficial mutations only in bonobos. This finding is consistent with compensatory epistasis, which predicts a larger rate of beneficial mutations in small populations. This work invites further investigation of the relationship between epistasis and N e . Our study demonstrates the simple but perhaps underappreciated fact, that the effect of mutations is dynamic, even between closely related species, and may depend on the genetic background on which they arise. 
